In recent years there has been a tremendous growth in the inux of news related to traded assets in international nancial markets. This nancial news is now available via print media but also through real-time online sources such as internet news and social media sources. The increase in the availability of nancial news and investor's ease of access to it has a potentially signicant impact on market price formation as these news items are swiftly transformed into investors sentiment which in turn drives prices.
Introduction
Investors utilise the daily company news releases which are obtained via dierent sources including both traditional newspapers and on-line internet news and social media channels.
The information is these news items become the basis of investor opinions, which could be termed news sentiment, and could be viewed as taking on either positive, negative or neutral values per news item, for each individual investor. The continuous release of nancial news helps to update general investor's information sets in relation to nancial markets and inuences general investor sentiment. Investors' investment strategies which inuence the market and the evolution of stock prices are potentially inuenced by changes in these sentiments which are generated by the continuous ow of news items. Academic researchers and investment practitioners are always looking for new investment tools or factors which may help to predict moves in asset prices and improve on existing models. Recently, the role of market news sentiment, in particular machine-driven sentiment signals, and their implication for nancial market processes, has captured the attention of both investment practitioners and academics. There is a growing body of research that argues that news items from dierent sources inuence investor sentiment, and hence asset prices, asset price volatility and risk 2 (Tetlock, 2007; Telock Saar-Tsechansky, and Macskassy, 2008; Da, Engleberg and Gao, 2011; Odean and Barber, 2008; diBartolomeo and Warrick 2005; Mitra, Mitra and diBartolomeo 2009; Dzielinski, Rieger and Talpsepp 2011). According to the Ecient Market Hypothesis (EMH), the prices of traded stocks rapidly reect all the relevant information sets available. It is widely accepted that the degree and speed to which this applies, is not necessarily uniform across all the various markets or for the every asset class; the main reason being that all the relevant information is not necessarily available to everyone at the same time, and also dierent investors face dierent cost structures. This means there is a scope for insider trading. Investors are always seeking new and more timely sources of information relevant for asset pricing which can then be used to more swiftly predict price changes. Investor sentiment has been proven to be a determinant of stock returns (Baker and Wurgler, 2006) . Recent work by examines the eect of inverstor's sentiment using news based sentiment, generated from the RavenPack Sentiment Index as a proxy for market sentiment in a multi-factor model. They report a strong impact of market sentiment on stock price predictability over 6 and 12 month time horizons.
In asset pricing, the Capital Asset Pricing model (CAPM) (Sharpe, 1964 & Lintner, 1965 is the most commonly used model for pricing stocks. The CAPM assumes that an asset's returns are dependent on the return on the market portfolio. An alternative related approach is provided by Arbitrage Pricing Theory which was developed to potentially subsume multiple linear factors (APT) (Ross, 1976 ). The APT model thus facilitates the inclusion of additional independent risk factors which may aect asset returns. A popular multi-factor model is the French (1992,1993) three factor model which was created by extending the basic CAPM to include size and book-to-market terms as additional explanatory factors in explaining the cross-section of stock returns. These so called multi-factor models are widely used by practitioners and fund managers to account for the risk factors in asset pricing. Cahan, Jussa and Luo (2009) and found that news sentiment as calculated by the RavenPack sentiment scores could add diversication benets to the traditional factor models like CAPM or the other multi-factor models.
In this paper we examine the sentiment scores provided by TRNA as a single factor in a simple regression model and then in a multi-factor model to evaluate their eect on the stock prices of the DJIA component companies. We use daily DJIA market sentiment scores constructed from high frequency sentiment scores for the various stocks in DJIA as provided by TRNA and augment the Fama French 3-factor regression model. The empirical analysis includes data from the time periods of the Global Financial Crisis and other periods of market turbulence to assess the eect of nancial news sentiment on stock prices in both normal and in extreme market conditions. We use Ordinary Least Square (OLS) regression and Quantile Regression (QR) to evaluate the model around the mean and the tails of the stock return distributions. The choice of Dow Jones constituent companies as our sample means that this is a tough test of the inuence of sentiment scores; given that these are likely to be some of the most closely analysed and highly traded companies in the US stock market.
The paper is organized as follows: Section 1 provides an introduction, Section-2 features an introduction to sentiment analysis and an overview of the TRNA data set. Section-3 discusses the data and research methods used in the empirical exercise undertaken in this paper. The next section-4, discusses the major results and section-5 draws some conclusions.
Background
It is widely observed that present nancial markets are inuenced or rather driven by the inux of critical information in the form of real time unanticipated news along with anticipated company announcements. Recently there has been a surge in studies exploring the relationship between stock price movements and news sentiment (Tetlock, 2007 , Barber and Odean 2008 , Mitra, Mitra and diBartolomeo 2009 , Leinweber and Sisk, 2009 , Sinha, 2011 , Huynh and Smith, 2013 .
With the growth in the sources of real-time news the speed and breadth of the inux of news into the nancial markets has increased tremendously. The volume and rate of incoming news makes it rather dicult for market participants to process all asset-specic news to make prompt investment decisions. To resolve this problem there are other sources of pre-processed news available from vendors like TRNA and Ravenpack, which provide direct indicators to the traders and other nancial practitioners of changes in news sentiment.
These sources use text mining tools to electronically analyse available textual news items.
The analytics engines of these sources use pattern recognition and identication methods to analyse, words and their patterns, the novelty and relevance of the news items for a particular industry or sector. The type and characteristics of these news items are converted into quantiable sentiment scores.
We use sentiment indicators provided by TRNA for our empirical analysis. Thomson Reuters was one of the rst to implement a sophisticated text mining algorithm as an addition to its company and industry specic news database starting from January 2003 which resulted in the present TRNA data set. As per the ocial TRNA data guide, Powered by a unique processing system the Thomson Reuters News Analytics system provides real-time numerical insight into the events in the news, in a format that can be directly consumed by algorithmic trading systems. Currently the data set is available for various stocks and commodities until October 2012. The TRNA sentiment scores are produced from text mining news items at a sentence level, which takes into account the context of a particular news item. This kind of news analytics makes the resulting scores more usable as they are mostly relevant to the particular company or sector. Every news item in the TRNA engine is assigned an exact time stamp and a list of companies and topics it mentions. A total of 89 broad elds are reported in the TRNA data set which are broadly divided into following 5 main categories 2 .
1. Relevance: A numerical measure of how relevant the news item is to the asset.
2. Sentiment: A measure of the inherit sentiment of the news item quantifying it as either negative (-1), positive (1) or neutral (0).
3. Novelty: A measure dening how new the news item is; in other words whether it reports a news item that is related to some previous news stories. 4 . Volume: Counts of news items related to the particular asset. are analysed by TRNA to produce sentiment scores but are the headlines for the news item used to generate the TRNA sentiment and other relevant scores. As reported in TRNA, BHP Billiton generated more than 3000 news items in the year 2011. Figure-2 shows the sentiment scores (-1 to +1) for BHP Billiton during the month of January 2011, the red line is the moving average of the scores. Similar to BHP, there are various news stories reported per day for the various DJIA traded stocks. These news stories result in sentiment scores which are either positive, negative or neutral for that particular stock. Figure-3 gives a snapshot of the sentiment scores for the DJIA's traded stocks during the year 2008. The bar chart of gure-3 shows that the most sentiment scores generated during the year 2008, which was also the period of Global Financial Crisis, were for the Citi Bank group (C.N) , General Motors (GM.N) and J. P Morgan (JPM.N). This is a reection of the market sentiment during the GFC period, as The applications of TRNA news data sets to nancial research has recently gained interest. Dzielinski (2012) , Groÿ-Kulÿman and Hautsch (2011), Smales (2013) , Huynh and Smith (2013) , Borovkova and Mahakena (2013) . Storkenmaier et al. (2012) and Sinha (2010) , have shown the usefulness of the TRNA dataset in stock markets and in commodity markets for both high frequency and multi-day frequency. In this study we utilize the TRNA data set to analyse the eect of news sentiment on DJIA stocks at a daily frequency. We construct daily sentiment index score time series for the empirical exercise from the high frequency scores reported by TRNA. The specic data and research methods used are discussed in the next section. The empirical analysis in this study analyses the eect of news sentiment on stock prices of the DJIA constituents by considering the daily DJIA market sentiment as an additional risk factor to explain stock returns. We construct daily sentiment scores for DJIA market by accumulating high frequency sentiment scores of the DJIA's constituents obtained from TRNA dataset. We use data from January 2006 to October 2012 to study the sensitivity of the daily stock returns to the daily market sentiment scores. The daily stock prices for all the DJIA traded stocks are obtained from Thomson Tick History database for the same time period.
The TRNA provides high frequency sentiment scores calculated for each news item reported for various stocks and commodities. These TRNA scores for the stocks traded in DJIA can be aggregated to obtain a daily market sentiment score series for the DJIA stock index components. A news item s t received at time t for a stock is classied as a positive (+1), negative (-1) or neutral (0). I + st is a positive classier (1) for a news item s t and I − st is the negative (-1) classier for a news item s t . TRNA reported sentiment scores have a prob-ability level associated with them, prob + st , prob − st , prob 0 st for positive, negative and neutral sentiments, which is reported by TRNA in the Sentiment eld. Based on the probability of occurrence, denoted by P st for a news item s t , all the daily sentiments can be combined to obtain a daily sentiment indicator. We use the following formula to obtain the combined score.
The time period considered are t − Q, . . . , t − 1 which covers all the news stories (and respective scores) for a 24 hour period. Code) and time period. We use the TRNA sentiment scores related to these stocks to obtain the aggregate daily sentiment for the market. The aggregated daily sentiment score S represents the combined score of the sentiment scores reported for the stocks on a particular date.
The stocks with insucient data are removed from the analysis and the stocks prices for EK.N and EKDKQ.PK are combined together to get a uniform timeseries. We employ regression analysis as given in equation-2 to quantify the eect of the daily sentiment index on stock prices. The equation includes ve lagged values of sentiment plus the square of the sentiment score (the result of undertaking functional form tests in the regression analysis).
We also augment the Fama French Factor model by introducing the sentiment score as an additional risk factor to evaluate the aect of market news sentiment on stock prices. The basic Fama French factor model is given by 
In equation-3, SMB stands for Small Minus Big and represents the size premium and HML, which is short for High Minus Low, represents value premium (Fama & French, 1992; 1993) . We introduce the sentiment factor in the above model (equation-4) to evaluate the joint eect of these four risk factors on the stock prices of the DJIA. This empirical exercise is rst evaluated using OLS followed by Quantile Regression (Koenker and Bassett, 1978) . Evaluation of the above two models (3 & 4) using QR quanties the eect of market sentiment for extremal stock returns (Allen, Singh & Powell, 2012) . We will now discuss the major results whilst highlighting the main steps of the methodology.
We run these comprehensive tests as represented by equations (2) and (4) above and report the results in Table ( 2). In some of the subsequent regression analysis lagged and squared sentiment terms are omitted from the analysis to reduce the size of tables and volume of reported results. The intention was to undertake an omnibus analysis of the inuence of sentiment scores over the whole time period, and then to focus on subsets of the sample as captured by market downturns, in the case of the GFC, or the extremes of the return distributions, as captured by the quantile regression analysis.
The TRNA dataset is dierent from the daily stock price dataset as it reports news sentiments also for the days when there is no trading in the DJIA. This becomes an issue to consider in the empirical analysis. To mitigate this issue we test two dierent models; one with the sentiment for the day and the other with a 7 day simple moving average (SMA) of the sentiment score. Taking the SMA of the sentiment accounts for the news reported on the weekends for the stocks.
4 Discussion of the Results
The empirical analysis is rst conducted for the whole time period of 2007 to 2012 and then for sub-periods of two years in a moving window; 2007-2008, 2008-2009, 2009-2010, 2010-2011 and 2011-2012 We will rst discuss the results obtained from daily sentiment scores followed by the results obtained using seven day SMA of the daily sentiment scores.
4.1
Results from the Daily Sentiment Scores 4.1.1 Linear Regression (OLS) included. This suggests that even these highly liquid and closely scrutinised Dow Jones
Company returns are not informationally ecient with respect to some of the news captured in these sentiment scores. The adjusted R-Squares, not reported in the tables, suggest that the sentiment scores capture about 5% of the variation in the return series of the sample over the full sample period whilst the market factors typically capture 50-60%. However, the important point is that the inuence of the sentiment score frequently remains signicant, even after the the market factors are taken into account.
As the market conditions are never the same for the whole data time period, we also conduct the analysis in a two year moving window (shifting by one year). The choice of the two year moving period accounts for any changing dynamics in the stock market. We Quantile Regression (QR) is a useful tool for studying the eects of the independent factors on asset's returns across various quantiles of the return distribution. We use QR to investigate the eect of daily DJIA sentiment scotres on the asset returns across lower and higher quantiles. We quantify the eect of DJIA market sentiment scores during periods of relatively low and high stock returns using QR which permits the exploration of relationships in the tails of the distribution. We will rst discuss the results obtained from the complete dataset, followed by the results from the two sub periods as discussed previosuly in the results from the OLS analysis.
The QR analysis evaluates ve dierent quantile levels (5%, 25%, 50%, 75%, 95%) which range from low to high stock returns. These results suggest that the daily market news sentiment scores aect stock returns more at a time of losses than during a time of gains. Table-7 gives the QR results for the augmented Fama-French model, these results also prove that when combined with other three factors aecting the asset returns β s A is more signicant for the lower quantile than the higher quantile. In fact in the complete data sample all but one of the traded stocks have signicant β s A for the lower 5% quantile level. XOM.N is the only anomaly in this case which has signicant β s A for the higher 95% quantile. These results also show that β s A or the sentiment eect is positive (directly related) to the stock returns for the lower quantile and negative (inversely related) for the higher quantile. This in an intuitive result as negative news sentiment in the stock market should result in declines in stock prices.
We further analyse the sentiment eect in a moving window of two years. Following the procedure in the OLS analysis, we also consider the results from the two sub-year period of 2010-2011. Table-10 gives the results for Model-1, where only the aggregate daily sentiment is an independent factor. The results again show that the β s A is more signicant in the lower tail and is not evident to the same degree in the higher tail.
Considering this is a relatively normal period as compared to the year 2007-2008 and the previous OLS analysis this β s A should get assimilated into the three Fama-French factors when evaluated in Model-2. Table-11 gives the results from Model-2 which shows that during less turbulent times the β s A is not as signicant as the other three factors. Here we present the results obtained from using a seven day SMA of daily sentiment scores.
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We repeat the analysis with this SMA measure to account for the publicly released news on the weekends and non trading days and associated sentiment. The 7 day simple SMA takes into account these days which should get captured in the sentiment eect (hereby called β s A7 ) from the two models. The major point of investigation here is to see if accounting for the non-trading days by taking the SMA of the daily scores changes the results considerably. Table-12 shows the results as obtained from both the models using the SMA sentiment scores. The Model-1 results are again all signicant but there is a drop in signicant β s A7 numbers for Model-2 from 8 to 5 as compared to the same OLS results obtained from daily sentiment scores. This indicates that the eect of news sentiment on non-trading days is not as signicant as the eect of daily news sentiment.
Considering gure-7 which shows the frequency of news reported in year 2008 divided by days, it is clear that the number of news reported on weekends is considerably less as compared to the number of news reported on the weekdays (usually the trading days). This can be accounted as the major reason why the SMA scores do not improve on the results from the daily sentiment scores. We conducted the analysis for all the periods using both OLS and QR and found similar inferences, hence we will not report the rest of the result for the sake of brevity 4 .
Conclusion
In this paper we have used the Financial News Sentiment scores reported by TRNA to study the eects of daily aggregated market news sentiment score series that we constructed on the stock returns traded in the DJIA. We proceeded to build a daily sentiment score for the DJIA by aggregating the sentiment scores for all the traded stocks in the DJIA using probability weights. This daily sentiment score and its SMA was then used to quantify the eect of market news sentiment on stock returns. The analysis evaluated two regression models with only sentiment scores as the independent variable and then adopted an augmented
Fama French three factor model. We presented a comparative analysis of the two regression models using OLS and QR. The results from the empirical analysis clearly demonstrate that stock prices are signicantly aected by the nancial news sentiment generated during the trading day. The results obtained from QR strongly suggest that there is a more signicant β s A eect on the lower stock returns than on the higher stock returns which is one of the major inferences drawn from the analysis. This is also consistent with the fact that the mean sentiment score is negative. The results from this study show that the nancial news sentiment factor adds signicantly to the traditional asset pricing model and can be a relevant additional factor in asset pricing. Similar results were found in the recent studies by Cahan, Jussa and Luo (2009) and using the Ravenpack sentiment dataset.
There are no previous studies either using the Ravenpack or TRNA datasets which study the eect of daily market sentiment on stock price returns using OLS and QR. Although comprehensive the analysis could be further extended by using a dierent weighting scheme for generating the market sentiment series and also by expanding the frequency of the analysis from daily to a higher frequency 'within the day' analysis.
